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Abstract 
China has currently established a single index method to assess ambient air quality based on human health. However, there have 
no unified standards in comprehensive assessment methods. In order to solve this problem, we tried to explore a comprehensive 
assessment method based on human health risk by using AQI grading standard. By using sorting algorithm and RBF model of 
ANN method provided by MATLAB tools, we assessed air quality of six districts in Beijing 2013 to 2014. Firstly, Gauss 
function was chosen to be transfer function of hidden layer in RBF network. Secondly, extended samples obtained by 
interpolation method were used to train RBF network. Thirdly, a classified assessment results were output by RBF network. 
Results showed RBF network get a good effects on classified evaluation, it enhanced the information resolution of pollutants and 
helps understanding the real effect of pollutants on human health. According to the assessment results, we divided comprehensive 
assessment grade into five grades, which was lower by one grade than AQI. 
© 2014 The Authors. Published by Elsevier Ltd. 
Peer-review under responsibility of scientific committee of Beijing Institute of Technology. 
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1. Introduction 
With the rapid development of Chinese economy and society, many harmful substances emitted into the 
atmosphere were seriously affected urban air quality[1-4]. Air pollution caused serious harm on human’s lives,  
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production activities and health. The present pollution characteristics of urban air quality had changed from coal-
burning to compound and regional atmospheric pollution of particulate matters and ozone were increasingly 
prominent[5]. Major cities in economically developed areas such as Beijing-Tianjin-Hebei region, Yangtze River 
Delta and Pearl River Delta, often occurred long-term and persistent haze pollution. Since more attention from 
public were paid to air pollution, a general air quality report was unable to meet the needs of public. So we need a 
quantitative evaluation system to judge air quality directly and accurately. 
Ambient air quality assessment is the basis for controlling and managing air pollution and there were many 
previous researches about this. The current assessment methods of ambient air quality mainly included qualitative or 
quantitative. According to these methods, they can be divided into simple assessments of single index, or 
comprehensive assessments of multi-index based on mathematical models. Single index assessments were simple 
and intuitive, but they gave incomplete information and were easily distorted[6]. The Chinese environmental 
standard (HJ 633-2012) Technical Regulation on Ambient Air Quality Index (on trial)[7] has included six main 
pollutants in assessment system. This single index assessment helped intuitive understanding air pollution condition, 
but when the concentrations between different pollutants had large gap, AQI also lost a lot of useful information and 
it had less advantages for researches to analysis the component of pollutants and their effects on air quality. In order 
solve this problem, we provided a comprehensive assessment method based on sorting algorithms of ANN 
(Artificial Neural Network), this method can truly reflected the ambient air quality through the massive 
environment monitoring data. Using MATLAB platform, the comprehensive assessment of air quality was 
realized by RBF (Radial Basis Function) network and was applied into air quality assessment of Beijing six 
districts. Firstly, original data were pretreated by PREMNMX function. Secondly, massive train samples, test 
samples and target output were structured by LINSPACE function based on AQI grades. By establishing the 
grade boundaries of ambient air quality, we finally determined the grade of comprehensive assessment.  
2. RBF network 
ANN is an information processing system aiming to mimic the structure of human brain and its functions[8,9]. It 
is also an effective means for dealing with complex nonlinear problems due to its functions such as self-learning, 
associate storage and quick searching optimal solutions[10]. RBF network is a 3-layer feedforward network formed 
by input layers, hidden layers and output layers shown in Fig. 1. This method uses RBF as the base of hidden units to 
form hidden layers. Transforming input vectors by hidden layers, non-linear classification problems in lower-
dimensional space can be solved as linear classification problems in higher-dimensional space. Input layers transmits 
the information and output layers are the weight sum of hidden layers. The activation function of neural network 
used Gauss function as RBF function with the distance dist  between input vectors and weight vectors as 
independent[9]. Fig. 2 showed the inputs that the product of distance (between connect weights w’ and weight vector 
x) and its threshold b’. Hidden layers inputs Ki and output Ri were calculated as equations (1)-(2). 
 
  
Fig. 1. Topology structure of feedforward network. Fig. 2. Inputs and outputs of RBF network. 
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The solution method of RBF network was divided into the following steps: (1) Network initialization: train 
samples were randomly selected as the cluster center. (2) Input of train samples collections were grouped by the 
nearest neighbor rule. (3) Cluster center was adjust as the final center of RBF network. Otherwise, returning step (2) 
to solve the center of next round. (4)Solving the weights between variance, hidden layers and output layers. 
3. Grading standard of pollutants concentrations 
The pollution grades of pollutants was divided by AQI grading standard in our research. AQI assessment method 
highlighted the role of single pollutant index, that air quality grade was depended on the individual air quality index 
(IAQI) corresponded by a certain pollutant concentration shown in Table 1[7]. For pollutant P, the corresponded 
AIQI IP of its concentration Cp was calculated as equation (3). 
Table 1. IAQI and its corresponding pollutant concentration limit. 
IAQI 
Pollutant concentration limit 
SO2/(μg·m-3) NO2/(μg·m-3) PM10/(μg·m-3) CO/(mg·m-3) O3/(μg·m-3) PM2.5/(μg·m-3) 
0 0 0 0 0 0 0 
50 50 40 50 2 100 35 
100 150 80 150 4 160 75 
150 475 180 250 14 215 115 
200 800 280 350 24 265 150 
300 1600 565 420 36 800 250 
400 2100 750 500 48 / 350 
500 2620 940 600 60 / 500 
( )Ph PlP P Pl Pl
Ph Pl
I II C C I
C C
    
where Cph and Cpl were the high value and low value of pollutant concentration limits close to Cp shown in Table 1. 
IPh and IPl were the IAQI corresponding to Cph and Cpl, respectively. AQI was determined as equation (4) so that the 
grade of air quality index was divided according to Table 2. 
1 2 3AQI max{IAQI ,IAQI ,IAQI , ,IAQI }n "  
where n was the item of pollutants. 
Thus, we established a grading standard of pollutants concentrations based on human health risk shown as Table 
3. 
4. ANN modeling 
4.1. Concentrations 
Using classification algorithm based on RBF network, air quality of six districts in Beijing from March 2013 to 
February 2014 were comprehensive assessed. Structural design, weights initialization, training and their outputs and 
718   Liu Jie et al. /  Procedia Engineering  84 ( 2014 )  715 – 720 
error predictions were processed by MATLAB tools. Annual average concentrations of six pollutants in six districts 
were calculated based on the data obtained by 12 air quality monitoring stations of Beijing municipal environmental 
monitoring center shown in Table 4. 
Table 2. AQI and its related information. 
AQI Grade Category Effects on human health 
0-50 First Excellent Air quality is satisfactory and almost no pollution 
51-100 Second Good Air quality is acceptable, but some pollutants may have less impact on sensitive groups 
101-150 Third Mild pollution Symptom of sensitive groups are mildly intensified and health groups occur irritative symptoms 
151-200 Fourth Moderate pollution Symptom of sensitive groups are further intensified, health groups’ heart and respiratory system may be affected 
201-300 Fifth Heavy pollution Symptom of cardiopath and lunger are significantly intensified and exercise tolerance of them are decreased, most general health groups occur symptoms 
>300 Sixth Serious pollution Exercise tolerance of health groups are decreased and symptoms of them are strong, some diseases will appears earlier. 
Table 3. Classification standard of air pollutant concentration limit. 
Index First Second Third Fourth Fifth Sixth 
PM10/μg·m-3 ≤50 50-150 150-0.250 250-350 350-420 ≥420 
PM2.5/μg·m-3 ≤35 35-75 75-115 115-150 150-250 ≥250 
SO2/μg·m-3 ≤50 50-150 150-475 475-800 800-160 ≥160 
NO2/μg·m-3 ≤40 40-80 80-180 180-280 280-565 ≥565 
CO/mg·m-3 ≤2 2-4 4-14 14-24 24-36 ≥36 
O3/μg·m-3 ≤100 100-160 160-215 215-265 265-800 ≥800 
Table 4. Average pollutant concentrations from March 2013 to February 2014. 
District PM10/μg·m-3 PM2.5/μg·m-3 SO2/μg·m-3 NO2/μg·m-3 CO/μg·m-3 O3/μg·m-3 
Dongcheng 115  92  27  58  1.908  53  
Xicheng 126  91  28  59  1.906  47  
Chaoyang 118  91  29  62  1.836  45  
Haidian 109  88  25  53  1.940  48  
Fengtai 125  97  28  56  1.986  55  
Shijingshan 120  91  23  64  1.979  52  
4.2. Modeling preparations 
If the pollutant concentration limits of grading standard were adopted to be train samples when assessing air 
quality by ANN method, the network would be less effective due to the less samples[11,12]. To solve this problem, 
we used LINSPACE function in MATLAB tools to construct mass data for training, testing and output by 
interpolating pollutant concentration limits of grading standard. We interpolated 500 data each grades that generate 
3000 data for training, while interpolating 100 data each grades that generate 600 data for testing. Output of desired 
target was determined to be one neuron that generated values were 1, 2, 3, 4, 5, 6 according to the grading standard. 
Desired target was the proportional interpolated values adjacent to each other and the interpolation proportions 
corresponded to train samples and test samples. Accordingly, we determined the grade boundaries of air quality 
comprehensive assessment that the output ranges of network were <1, 1-2, 2-3, 3-4, 4-5, 5-6. 
719 Liu Jie et al. /  Procedia Engineering  84 ( 2014 )  715 – 720 
4.3. Normalization 
Normalization is a pretreatment method to samples data before ANN assessment. All data are transformed to the 
interval of [0,1] or [-1,1] by normalizing. By doing this, magnitudes differences of dimensions were eliminated so 
that the statistical distribution of samples could be unified and the convergence of training network was usually be 
accelerated. Maximum and minimum method for normalizing was shown as equation (3). 
' min
max min
k
k
x xx
x x
                                                                               (3) 
where x’k was the normalized sample data, xmin and xmax were the minimum and maximum in samples, respectively. 
Using PREMNMX function in MATLAB tools to normalize the test samples and outputs, the normalized data were 
distributed in the interval of [-1,1]. After training, the normalized data were pretreated by TRAMNMX function in 
the same way and predictions was obtained by using POSTMNMX function to anti-normalization. 
4.4. RBF network modeling 
Neurons of Input and output layers of RBF network were respectively determined to 6 and 1. NEWRB function 
in MATLAB tools designed an approximate RBF network that determined hidden layer units automatic. In this 
method, a neuron would add for one iteration till the error square sum was less than target error or neurons of hidden 
layer reached maximum. Using normalized sample data for training, the training iteration was 7 and variance and 
mean square error were respectively 0.1228 and 4.0921×10-5. The actual outputs, relative error and deviation 
position were shown in Table 5. The outputs of comprehensive assessment and AQI were shown in Table 6. 
Table 5. Outputs and errors of RBF neural network. 
Grade First Second Third Fourth Fifth Sixth 
Target output 1 2 3 4 5 6 
Actual output 0.9781 1.9852 3.0031 3.9378 4.9951 5.9046 
Deviation position + + - + + + 
Relative error(%) 2.2390 0.7455 0.1032 1.5796 0.0981 1.6157 
Table 6. Outputs of evaluation results. 
District Dongcheng Xicheng Chaoyang Haidian Fengtai Shijingshan 
RBF output 1.692 1.724 1.689 1.616 1.778 1.713 
AQI 130 129 126 129 129 128 
 
Results in Table 5 showed the relative errors of actual outputs were smaller so their accuracy was higher. Most 
deviation positions were positive (+) which were more reasonable than negative (-) due to positive represented 
deviations were in the scope of assessment of each grade while negative represented deviations were out of the 
scope. Comprehensive assessment results of six districts in Beijing from March 2013 to February 2014 by using 
RBF network was secondary standard shown in Table 6. Comparing with AQI based on human health risk, we 
established comprehensive assessment grades shown in Table 7. From the results the comprehensive assessment 
grades were tightened to five grades which was lower by one grade than AQI. 
Table 7. Comprehensive assessment grades based on sorting algorithms of RBF network. 
Grade First Second Third Fourth Fifth 
Category Excellent and good Mild pollution Moderate pollution Heavy pollution Serious pollution 
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5. Conclusions 
When using ANN method to comprehensively assess air quality, mass data for training and testing by 
LINSPACE function interpolation method of concentration limit standard improved network generalization 
effectively. RBF network had good performance and high precision. By classifying pollutants in assessment grades 
from air component, RBF network was an effective assessment to judge the combined effects of pollutants on air. 
According the assessment results, we established comprehensive assessment of five grades according to AQI based 
on human health risk, the partition of concentration limits was lower by one grade. 
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